
Autonomous Navigation of Mobile Agents Using
RFID-Enabled Space Partitions

Muhammad Atif
Mehmood

Lars Kulik Egemen Tanin

National ICT Australia
Department of Computer Science & Software Engineering

University of Melbourne
{mmehmood,lars,egemen}@csse.unimelb.edu.au

ABSTRACT
Existing techniques for autonomous indoor navigation are often
environment-specific and thus limited in terms of their applicabil-
ity. In this paper, we take a fundamentally different approach to
indoor navigation and propose an active environment based navi-
gation system. We argue that for a versatile navigation system the
environment itself should provide spatial information. In our pro-
posed approach, navigation is based on the concept of space par-
titions where the location of an agent is approximated by the clos-
est partition. We show that Radio Frequency Identification (RFID)
technology is a viable option for generating space partitions. We
present a cost effective deployment strategy for passive RFID tags
to construct a complete partitioning of the environment. A sparse
deployment of tags leads to coarse partitioning, which in turn al-
lows an agent to only approximate its position. We introduce a path
planning algorithm that enables an agent reach its destination with
a small overhead compared to the shortest path algorithm assum-
ing precise information. Our experiments show that the deployment
allows efficient path planning even under a large degree of impre-
cision.

1. INTRODUCTION
Autonomous indoor mobile agents are key to enhancing the effi-

ciency of numerous operations in industrial and domestic environ-
ments. A large range of systems can be seen proliferating all over
the globe with solutions ranging from automated warehousing to
cleaning services. Reliable navigation is essential for autonomous
operation of these systems. Existing methods for indoor navigation
typically operate by either providing an agent with a geometrical
representation of the surrounding environment or by incorporat-
ing visual recognition hardware [5]. These approaches suffer from
scalability issues resulting from their environment-specific nature.
For instance navigation that is based on a geometric map limits
the agent to a particular environment. Changes to the environment
require updates to the map, which typically involves significant hu-
man intervention. Moreover, these approaches require the agent to
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be equipped with several sensing devices such as a proximity sen-
sor, a digital compass and so forth.

In this paper, we take a fundamentally different approach to in-
door navigation and propose an active environment based model.
We argue that for a versatile navigation system the environment
itself should provide spatial information to an agent rather than
relying on the agent itself to explore the environment. In the ac-
tive environment model navigation is based on the notion of space
partitioning. Our idea is motivated by the fact that in a partitioned
space the location of an agent can be approximated by the clos-
est partition. This location information can be used for navigation
without the need of environment maps or expensive sensory hard-
ware. The main challenge, however, is an efficient discretization
or partitioning of the space in a cost effective manner that ensures
navigational reliability.

For a cost effective discretization we propose the use of pas-
sive Radio Frequency Identification (RFID) technology. The cost
of RFID tags is only a few cents, i.e., even an RFID infrastruc-
ture consisting of thousands tags would only incur a small cost.
A main cost factor in RFID environments are the RFID readers,
currently available for a few hundred dollars. RFID technology is
widely used as an identification mechanism for merchandise in su-
permarkets and warehouses. Our proposed navigation approach can
tremendously benefit from this technology as passive RFID tags en-
able a wireless identification process and their low cost enables a
mass deployment of the tags. These features make RFID a viable
option for generating space partitions. Moreover, navigation can be
performed using a single RFID reader onboard a robot or carried
by a user, thus replacing a multitude of sensors required otherwise.

Besides space partitioning, RFID tags can be used for identifi-
cation of objects which are present in the environment. Using this
identification information an agent can differentiate between ob-
jects which facilitates interaction with the environment. Moreover,
the IDs assigned to the objects can indicate different roles based on
agent’s goal allowing for on-demand interaction, e.g., an object can
be an obstacle for some agents while for others it may be a target
object to be moved to a different location. The object identifica-
tion also enables the agent to effectively handle any changes in the
environment without requiring any updates or human intervention.

A major challenge in autonomous navigation is the localization
of moving agents, i.e., computing agent’s location and orientation
with respect to the environment. This information is essential for
computing the shortest path towards the destination. For localiza-
tion in open outdoor areas, the Global Positioning System (GPS)
is a common choice. Although GPS offers worldwide coverage,
its performance degrades indoors. In-door localization has thus re-



ceived significant interest from the research community during the
last decade and several techniques have been proposed [1, 8, 17,
18, 21, 23]. However, most of these techniques provide only part
of the required information, i.e., the location of an agent but not its
orientation. The few techniques that do provide orientation infor-
mation require additional infrastructure [19, 24]. We show that the
proposed active environment model provides an integrated solution
for both navigation and localization of mobile agents.

It may seem obvious that a system with localization capabilities
can be configured to provide navigation instructions. Navigation,
however, is more than just identifying a location. Further to local-
ization, the navigation system computes a path based on this in-
formation and the desired destination. The computed path is then
translated to a set of instructions which are used to navigate towards
the destination. Based on our RFID-enabled localization method,
we present an efficient navigation algorithm. In simulations we es-
tablish the cost effectiveness and accuracy of our localization and
navigation techniques.

2. RELATED WORK
Most of the existing approaches for autonomous navigation as-

sume that an agent is supplied with a geometrical representation of
the surrounding environment or has a visual recognition hardware.
DeSouza and Avinash [5] give a survey of these techniques. These
approaches face scalability issues resulting from their environment-
specific nature. For instance, geometric map based navigation lim-
its an agent to a particular environment. Changes to the environ-
ment require updates to the map, which typically involves major
human intervention. Although attempts have been made to min-
imize this intervention by automating the model-building opera-
tion [4], this technique relies on the agent to build a geometric map
of its environment before any navigation can be carried out. The
accuracy for the subsequent navigation depends on the accuracy of
the agent’s odometry and its sensors constructing the map. Addi-
tionally, for large-scale and complex spaces, the resulting represen-
tations may not be computationally efficient for path planning and
localization [5].

Similarly, existing indoor localization systems cannot be directly
used for autonomous navigation and interaction with the environ-
ment. Although indoor localization presents a solution to the loca-
tion approximation problem, it does not address any other aspects
of navigation and interaction in indoor spaces. For example, inter-
acting with obstacles will require access to external web servers
introducing the same scalability problems that we have discussed
for existing autonomous navigation systems.

A passive RFID system consists of one or more readers and mul-
tiple RFID tags. The tags are small battery-less transponders, which
are powered by the radio signals emanated from the reader. Once
interrogated a tag responds by wirelessly transmitting its identi-
fier [7, 22]. In recent years, the size of tags and readers has been
constantly decreasing in tandem with a sharp decrease in cost of
ownership. RFID technology has been employed for localization
and navigation of mobile agents in a number of approaches. To the
best of our knowledge none of the existing navigation techniques
uses a comparable deployment to compute the location and orien-
tation from that deployment. Ferret is a localization system based
on passive RFID that localizes static objects within an environ-
ment [12] and is not applicable to mobile agents. Other techniques
used RFID tags to act as landmarks in the navigation process ([3,
6, 11, 16, 17, 10, 20, 26]). The RFID tags are sparsely deployed at
known locations in the environment and help the agent to approx-
imate its current location within computed environment model. In
[3] RFID technology is combined with vision techniques for mo-

bile robots. RFID tags are used to determine the global position of
a robot. Feature matching based on image processing technologies
are employed to precisely localize the robot within the identified
global position. [6] and [11] navigate a mobile robot by combin-
ing the RFID landmarks and laser range finding techniques used
for map matching. [16] integrates RFID tags serving as landmarks
with ultrasound sensors for precise localization of robots. [17] is a
localization system based on active RFID tags that are powered by
a separate power source resulting in an increased read range. Their
higher price prevent massive deployments. In [20] an environment
map is created based on RFID data. RFID tags are deployed as
landmarks and the robot first learns RFID snapshots at known posi-
tions in the environment during a training phase. After the training
the current snapshots are matched with the memorized features to
localize the robot.

The closest work to our approach is proposed by Willis and
Helal [25], an RFID based approach that facilitates blind students
carrying out daily activities without any external help. The idea
is to incorporate location and building information in passive tags,
which are deployed in a grid on a building floor. A blind user carry-
ing a mobile device and an RFID reader can sense the deployed tags
to obtain information about the environment. Further details about
the sensed position can be obtained by contacting a web server.
While this approach is based on the notion of environmentally dis-
seminated information, it differs from our work as the tags are used
only to store identifiers for the current location. This approach does
not exploit space partitions, provides only location specific infor-
mation while using web servers regularly, and thus on its own is
not sufficient for autonomous navigation.

3. ACTIVE ENVIRONMENTS
The notion of active environments was first introduced by Mc-

Carthy [13] as physical spaces that can sense and respond appro-
priately to the people and activities taking place within them. Our
approach for autonomous navigation is based on this active envi-
ronment model. In our approach, the environment actively partic-
ipates in the navigation process by providing the spatial informa-
tion. The underlying idea behind this environment model is to dis-
cretize a physical space into uniquely identifiable partitions such
that each partition is aware of its approximate location and is ca-
pable of providing this information to the agents. In such an envi-
ronment, the navigation task of a mobile agent can be reduced to
a continuous partition detection process. The agent can proactively
plan its movement by detecting the partition it currently resides in
and approximate its own location as that of the current partition.
The two major challenges for the above described space partition-
ing system are: (i) a system for identification of partitions such that
a mobile agent can detect the partition(s) it currently resides in and
(ii) a method for inferring the physical location of a detected par-
tition. We discuss these challenges and proposed solutions in the
subsections below.

3.1 Partition Identification using RFID
We propose to deploy passive RFID tags in large numbers cov-

ering the entire deployment space S . Each RFID tag has an area
in which it can be read. For a tag ti we approximate this area as a
circular disc ci with a (fixed) reading range r. We define a partition
for a set of tags {ti}, i ∈ I ⊂ {1, . . . ,n}, as the following region of S
if CI :=

T
i∈I ci 6= /0:

p(I) = {l ∈ S | l ∈CI ∧ ∀cm,m /∈ I [cm∩CI ⇒ l /∈ (cm∩CI)]}

A partition is a non-empty region where a given set of tags can
be read by an RFID reader. From each location in a partition we



can read exactly those tags by which the partition is defined. Any
subset or superset of these tags defines a different partition. Figure 1
shows examples of partitions for tag sets: p({4}), p({1,4}) and
p({1,3,4}). As a result of the deployment space is covered by set
of partitions P =

S
I⊂{1,...,n}∧CI 6= /0 p(I).

Figure 1: Tags t1 to t7 deployed in a triangular network result-
ing in 25 partitions

Although passive tags are cheap, their small reading range might
require a significant number of tags to cover a large area. As this
could result in increased costs, we have to minimize the number of
tags for an optimal coverage of space. If the reading range of tags
is modeled as circular discs, the optimal deployment can be seen
as an instance of the classical circle covering problem [9]. Kersh-
ner [9] has shown that the covering for discs of radius r is opti-
mal when they are placed at the vertices of an equilateral triangular
graph overlaying the target space (Figure 2). Each triangle in this
graph has sides of length r

√
3. For space discretization in active

environments we will build upon Kershner’s deployment model in
this paper. Our experimental results in Section 6.4.3 will show that
a deployment that uses a triangular graph with sides of length 3

2 r
will slightly increase the total number of tags but reduces the local-
ization and orientation error in navigation tasks.

Figure 2: Tags deployed using Kershner’s triangular deploy-
ment to partition the bounded region

3.2 Location Mapping
Once a partition is identified, the second task for an active envi-

ronment based system is to map the location of the partition onto
the physical space. An obvious solution for this problem is to create
a predetermined plan that maps each ID to a location in deployment
space. An agent equipped with such a map can easily identify and

geo-reference any detected partition. This solution, however, vio-
lates our initial design goal as it requires frequent human interven-
tion in the form of updates to the map whenever the surroundings
of the agent are changed.

As discussed earlier, each partition which is labeled as a list of
tags is defined by the tags readable inside its area. To provide a
seamless mapping between partition IDs and corresponding loca-
tions we encode the tag locations in the identification codes as-
signed to these tags. The location of a partition pi can then be ap-
proximated as the mean location of all the tags that intersect to form
pi. However, finding the location of a tag from its ID is not a trivial
problem and we adopt the following method to solve it.

To achieve an optimal deployment pattern we have proposed to
deploy the tags on a triangular partition overlaid on the target space.
The location of a tag in this network, can be represented in terms
of its distance from the origin vertex. We measure this distance as
the number of vertices between a tag and the origin using a novel
triangular coordinate system. In this coordinate system x and y axis
are at an angle of 60 degrees instead of 90 degrees, i.e., angled as
the sides of an equilateral triangle. Since all tags are equi-spaced,
one unit on each axis is defined to be equal to the distance between
consecutive tags, i.e., r

√
3. The tag position is thus represented in

terms of the number of tags from the origin.
We propose the use of a triangular coordinate system for repre-

senting tag locations due to the limited memory of RFID tags. The
normal Cartesian coordinate location of a tag may not be a per-
fect integer as it may involve decimal points, e.g., (20.65,8.56). It
is not space efficient to encode these decimal locations in the tag
ID. The triangular coordinate system represents tag locations as
integers and thus requires fewer bits, allowing for efficient use of
limited tag memory. Figure 3 shows the location of some tags rep-
resented in triangular coordinate system. The Cartesian-coordinate
equivalent (x,y) of a triangular position (x̂, ŷ) can be computed us-
ing equation 1.

x =
ŷ
2
(r
√

3)+ x̂(r
√

3), y = ŷ(r
√

3)(
√

3
2

) = ŷ(r
3
2
) (1)

Figure 3: Tag locations in triangular coordinate system

As discussed above, the goal of our location mapping scheme is
to encode the tag locations in their IDs so that the resulting parti-
tions can be geo-referenced. We propose the use of bit interleaving
for encoding the triangular location of a tag in its ID. Bit inter-
leaving is an encoding technique used by space filling curves to
represent a point in a higher dimensional space by a single integer
value. The integer value reflects various dimensions of the original
space [15]. For a location (x,y), a bit interleaving code is created by
selecting bits from the binary representation of location’s coordi-
nate values using an interleaving vector tv = {x1,y1,x2,y2, ...,xn,yn},
where xi represents bits from the x-coordinate and yi represents bits



from the y-coordinate. Tag locations are encoded using this encod-
ing process. The decimal equivalent of tv is the identification code
assigned to each tag. The location information can be easily ex-
tracted from this identification code by applying a reverse inter-
leaving process.

It can be argued that techniques simpler than bit interleaving can
be used for encoding tag locations. For instance, two sets of 4 bytes
each, such as leftmost and rightmost bytes, of a tag’s ID can be
used to encode the x and y coordinates of its location, respectively.
However, we propose the bit interleaving scheme as it naturally
follows the peano space filling curve [15]. This behavior lets us
preserve the spatial order of tags during the encoding process, i.e.,
tags located close to each other are assigned proximal IDs.

4. LOCALIZATION USING PARTITIONS
The proposed deployment of RFID tags transforms the physical

space into an environment capable of providing spatial information.
A mobile agent equipped with an RFID reader can autonomously
navigate in this active environment. The requirements of a reliable
navigation are twofold: (i) to localize the agent by finding its loca-
tion and orientation, (ii) to compute an efficient path towards the
destination. This section explains the details related to the localiza-
tion of agents in the active environment.

4.1 Location Approximation
In an RFID-enabled space the location of a mobile agent is ap-

proximated by the partition in which the agent is located. As ex-
plained above, we approximate the location of a partition as the
mean location of the tags forming the partition. A mobile agent will
thus approximate its location as the mean location of the detected
tags. The approximated location is computed by first converting
the location of the individual tags from the triangular coordinate
system to the Cartesian coordinate system using equation 1. The
resulting locations are then used to compute a mean location.

4.2 Orientation Approximation
We refer to the orientation of a mobile agent as its direction with

respect to x-axis of the deployment area. To compute the agent’s
orientation solely from the space partitions, an agent moves in a
straight line between successive partitions. This movement leads to
a bound on the angle of the straight line segment that the agent is
assumed to take while moving from one partition to the next. We
approximate the orientation of the agent as the mean angle of this
bound. We explain this calculation in detail below.

Figure 4: Polygonal representation of the partitions

To approximate orientation, we simplify the overlapping of cir-
cular read ranges by one of the three geometric polygons: triangle,
square and hexagon. Figure 4 shows partitions formed by seven
overlapping tags. Partitions 1,2 and 3 are simplified to a hexagon,

a triangle, and a square respectively. Consider the two partitions p1
and p2 as shown in Figure 5. Assume that an agent moves along an
arbitrary straight line SE between partitions p1 and p2 such that it
leaves p1 through the edge AB at point sl , i.e., sl ∈ AB, and enters
p2 through the edge CD at point se, i.e., se ∈CD. If p1 and p2 rep-
resent partitions then the orientation of the agent defined by angle
between SE and the x-axis is bounded by the angles Θ1 and Θ2,
where Θ1 is the angle between BC and the x-axis and Θ2 is the an-
gle between AD and the x-axis. We approximate the orientation of
the agent as the mean angle of Θ1 and Θ2. A similar computation
can be performed for any two partitions in the tagged space.

Figure 5: Range of angles between two non-adjacent partitions

Whenever the mobile agent starts its movement in the partitioned
space, it does not know its orientation. The agent must traverse at
least one partition to compute an orientation range. The agent keeps
track of the partitions it has visited in chronological order. For ori-
entation estimation, the agent identifies the common vertices of the
first two partitions in the list; these are the start vertices. The com-
mon vertices for the last two partitions in this list are the end ver-
tices. The boundary values are then computed by identifying the
line segments between the start and end vertices. The agent as-
sumes the arithmetic mean of the boundary values as its approxi-
mated orientation angle. As the agent continues in its direction, it
traverses more regions, and the angle range will become smaller.
The agent continues to move forward until the error value for the
computed orientation falls within an acceptable range.

5. NAVIGATION IN RFID-ENABLED
ACTIVE ENVIRONMENTS

Once an agent approximates its current location and orientation
the next task is to navigate towards the destination. Building on
our space partitioning model and localization methods we present
a navigation scheme that minimizes the overall distance traveled
by an agent. Our navigation scheme has two main components:
a path planning algorithm and a movement error correction algo-
rithm. The path planning algorithm is initially used by an agent to
compute an efficient path between the starting and the destination
point. As the movement continues, the agent continuously moni-
tors its movement for any possible deviations from the initial path.
The deviations are expected because of two reasons: (i) an error
in an agent’s approximated location, (ii) an error in an agent’s ap-
proximated orientation. As soon as an agent detects a tag that is not
on the precomputed path, it recomputes the path from its current
position using the updated approximated location and orientation
information.

The RFID enabled space forms a coordinate system where every
pair of integer coordinates represent tag positions. Using the space



partitions an agent can determine the partition it is currently located
in. Therefore, we require a path planning algorithm that is capable
of computing a path in terms of partitions. For instance, in Figure 4
a path to reach partition 10 from partition 6 could be described by
the sequence 6,7,8,9,10. In the proposed navigation scheme once
a path is planned and the agent starts its movement, it monitors
its movement error by continuously computing its deviation from
the original path. Since the path is defined in terms of partitions, the
agent can detect a path violation as soon as it detects an unexpected
partition.

5.1 Path Planning
The technique we propose for determining the shortest path is

inspired by the classical line drawing algorithm due to Bresen-
ham [2]. For a straight line l between two points in a raster grid,
Bresenham’s algorithm determines which points on the grid should
be plotted for the approximation of l. As the partitioned space in
the RFID system can be approximated as a raster grid, the path
planning problem can be seen as an instance of the line drawing
problem. However, our optimal tag deployment scheme does not
lead to a rectangular partition of space, as shown in Figure 1. A
direct application of Bresenham’s algorithm is thus not possible.
Therefore, we present a path planning algorithm that approximates
a straight line path by a sequence of partitions in the active envi-
ronment. We first formalize basic concepts used in this algorithm.
For all the definitions below, we assume an RFID tag deployment
that comprises n tags. We use the notation ti to refer to both a tag’s
ID and its location.

5.1.1 Neighborhood of a Tag
Let ∆(tit jtk) denote the triangle with tags ti, t j, tk as its vertices

such that their pair-wise distance is one. We define the neighbor-
hood N of a tag ta as the union of all ∆(tit jtk) such that one of ti, t j
or tk equals to ta. Formally,

N(ta) =
[

i=a ∨ j=a ∨ k=a

∆(tit jtk) (2)

Figure 6 shows the neighborhood N of a tag ta which consists of
six triangles.

Figure 6: Triangular neighborhoods formed by tag ta

5.1.2 Hexant
We introduce the term hexant analogous to the way a quadrant

is used for a Cartesian coordinate system. A hexant is used by our
algorithm to identify the direction towards the destination in which
to search for partitions. Let s and e be the starting and destination
points of an agent and se its connecting line segment. The hexant
Ha for tag ta is decided by the triangle ∆(tatit j)∈ N(ta) such that
se passes through ∆(tatit j) via the edge formed by ti, t j. Ha com-
prises all triangles in the deployed network that are within the area
bounded by two rays which start from ta and pass through t j and ti,

respectively. Figure 7 shows an example of a hexant. In each itera-
tion of the algorithm, we refer to ta as the current tag and tags ti and
t j as its decision tags as they decide the search direction towards the
destination.

Figure 7: Hexant with respect to tag ta

5.1.3 Next Common Vertex
Consider a current tag ta and its decision tags ti and t j . We de-

fine the tag tb as the next common vertex of ta if tb 6= ta and the
triangle ∆(tbt jti) belongs to the deployment, i.e., tb := NCV (tatit j)
if ∆(tatit j)∩∆(tbt jti) = tit j. Figure 8 shows an example NCV. In-
tuitively, a NCV represents the tag other than ta that is a vertex
of the triangle with the edge tit j of the tags ti and t j. We refer to
∆(NCV (tatit j)t jti) as the next common triangle (NCT) with respect
to the tags ta, ti and t j. Figure 8 shows the NCV and the NCT for
tag ta and decision tags ti and t j.

Figure 8: Next common vertex for tag ta and decision tags ti, t j

5.1.4 Algorithm Overview
We explain our algorithm through an example. Consider the ex-

ample given in Figure 9. Assume that the starting position (s) for
the agent is at tag ta located at (1,-1) while the destination point
(e) is at tag tb at location (1,3). The shortest path in this example is
the line segment Pse. It may seem trivial to travel along this line.
However, as the agent’s position is imprecise, a simplistic tech-
nique is impractical. We define the straight line path Pse in terms
of partitions so that the agent can steer itself on course as soon as it
detects a deviation. To find the list of partitions that the straight line
traverses en route from the starting point to the destination, our al-
gorithm proceeds iteratively. In the first iteration, it sets the starting
tag ta in Figure 9 as the current tag and computes the hexant Ha,
using the above definition. The algorithm then discovers the next
common vertex NCV and the next common triangle NCT for the
current tag. The algorithm then finds all partitions formed by all
tags present in Ha and NCT. This list of partitions can be seen as



an approximation of a part of the path Pse, i.e., an agent inside any
of the partitions in the above list is sufficiently close to the desired
path. In the next iteration, the algorithm chooses the decision tag
that is closest to Pse as the current tag and repeats the above pro-
cedure, appending the new set of partitions to the current list. The
algorithm terminates once the current tag is the destination tag.

Figure 9: Example, path computation

To further optimize the above algorithm we reduce the set of par-
titions in each iteration. The reduction is performed by purging all
those partitions formed by tags that are not detectable by an agent
moving on the desired path. Geometrically, we purge all partitions
formed by tags whose circular read range is not intersected by the
line segment Pse joining the starting and the destination points. For
instance, during the first iteration in the example in Figure 9, we
purge all partitions formed by t2 from the list of partitions. Algo-
rithm 1 details the sequence of operations of our path planning al-
gorithm. Each iteration of the algorithm deals with four tags, i.e,
current tag, decision tags, and NCV. Read ranges of the current tag
and at least one of the decision tags is always intersected by Pse,
the algorithm operates by identifying the intersected tags. This in-
formation is used to identify the partitions that the agent must see
while traversing Pse. Lines 1.11−1.40 in Algorithm 1 compute the
sequence of partitions when both the decision tags are intersected
by Pse. This intersection is possible in two ways: (i) read range
of both the decision tags is entered by Pse while it is in the read
range of the current tag, (ii) read range of one of the decision tags
is entered inside the current tag while the read range of other is
entered outside the current tag. Both of these cases result into dif-
ferent sets of partitions. Lines 1.12− 1.24 in Algorithm 1 address
case (i) whereas lines 1.25−1.40 address case (ii). Partitions in the
NCT are identified in each iteration depending on Pse intersecting
the read range of NCV. Lines 1.18− 1.24 and lines 1.29− 1.37 in
the algorithm address this for cases (i) and (ii), respectively. Finally,
lines 1.41−1.43 address the situation when the read range of only
one of the decision tags is intersected by Pse.

5.2 Navigation using the Computed Path
The path between the origin and destination points is computed

by the mobile agent when it starts a navigation process. Once the
path is computed the agent follows this path. However, due to the
imprecision in localization information the agent may deviate from
the computed path at some point. When the agent encounters a par-
tition that is not in the computed path it performs the following
tasks until the destination is reached:

1. recompute orientation using the list of traversed partitions,

2. compute a path between current position and the destination,

Algorithm 1: Path computation

// PL: List of partitions1.1
// Start: Current position of the agent1.2
// End: Destination Point1.3

// Dix: One of the decision tags for ith iteration1.4

// Ci: Current tag for the ith iteration1.5
// NCVi: NCV(CiDi1Di2)1.6
// TxE : Point where Pse enters range of Tx1.7
// TxL: Point where Pse leaves range of Tx1.8
PL← empty,i← 1,Ci← Start1.9
while Ci 6= End do1.10

if Pse
T

Range(Di1) and Pse
T

Range(Di2) then1.11
if Di1E ∈ Range(Ci) and Di2E ∈ Range(Ci) then1.12

if Di1E < Di2E then1.13
PL← append(Ci,Di1)1.14

else1.15
PL← append(Ci,Di2)1.16

PL← append(Ci,Di1,Di2), append(Di1,Di2)1.17
if Pse

T
Range(NCVi) then1.18

if NCViE ∈ (Range(Di1),Range(Di2)) then1.19
PL← append(Di1,Di2,NCVi)1.20

else1.21
PL← append(Either of Di1 or Di2 entered1.22
first by Pse)

else1.23
PL← append(Either of Di1 or Di2 entered1.24
first by Pse)

else1.25
Tis← (Dix|DixE ∈ Range(Ci))1.26
Tnis← (Dix|DixE /∈ Range(Ci))1.27
PL← append(Ci,Tis), append(Tis)1.28
if Pse

T
Range(NCVi) then1.29

if NCViE ∈ Range(Tis) then1.30
if NCViE ∈ Range(Tnis) then1.31

PL← append(Tis,Tnis),1.32
append(Tis,Tnis,NCVi)

else1.33
if TnisE ∈ Range(NCVi) then1.34

PL← append(Tis,NCVi),1.35
append(Tis,Tnis,NCVi)

else1.36
PL← append(Tis,Tnis)1.37

else1.38
PL← append(Tis,Tnis)1.39
PL← append(Either of Tis or Tnis which Pse1.40
leaves last)

else1.41
PL← append(Ci,Dix|Pse

T
Range(Dix))1.42

PL← (Dix|Pse
T

Range(Dix))1.43

Ci+1← min j=1,2{dist(Di j,Pse)}1.44
i← i+11.45



3. rotate towards the destination point using the approximated
orientation and start following the new path.

6. EXPERIMENTAL RESULTS

6.1 Prototype Active Environment
A prototype implementation of an RFID based active environ-

ment has been demonstrated [14]. This prototype shows the viabil-
ity of encoding spatial information using a rectangular deployment
of passive RFID tags. The demonstration used a carpet (shown in
Figure 10) with passive RFID tags creating an active environment.
A Lego Mindstorms NXT based agent equipped with a mobile
RFID reader autonomously finds its way towards the center of the
carpet and performs simple interactions with its environment such
as picking up a ball.

Figure 10: Prototype agent and active environment

6.2 Simulation Setup
The key elements of our proposed active environment based nav-

igation system are our tag deployment scheme and navigation un-
der imprecision as the resulting partitions only permit an agent to
approximate its location. In the first set of experiments we focus
on the performance of the proposed navigation algorithm under
different levels of imprecision, i.e., different densities of tag de-
ployments. The second set of experiments evaluates the proposed
triangular deployment for its cost and localization accuracy.

Our experiments are based on a simulation environment com-
prising a mobile agent and a physical space that is partitioned using
RFID tags. We assume an RFID tag deployment in a 500×500 cm2

area, while the read range of each RFID tag is assumed to be a cir-
cle of radius r centered at the tag. We vary the value of r between
2 cm, 20 cm and 50 cm to study the impact of varying tag densities
on our navigation algorithm.

Smaller values of read ranges r result in a denser deployment
where as larger values of r lead to sparser deployments. Each of
the following experiment reports the average length of the trav-
eled paths for 250 simulation runs. In each run the mobile agent
is placed at a random location in the deployment area and moves to
a randomly chosen destination.

We define the extra navigation cost as the relative increase of the
length of the travel path length compared to the shortest path be-
tween two locations. If an agent navigates from a start point S to a
destination point D, then the shortest path is the line segment SD.
For a traveled path of length l extra navigation cost is defined as
(l−|SD|)/|SD|. Note that this cost will be greater than 0 in almost
all practical cases as the agent has no precise information about
its location and orientation. As the estimated location and orien-
tation is imprecise, this leads to a longer path as the agent has to

refine its position and determine its orientation while moving to the
destination. In theory, this cost can be less than 0, e.g., when the
agent starts its motion and does not need to make any adjustments
till the destination and stops as soon as it enters the partition that
contains D. We also define localization error as the difference be-
tween an agent’s actual and approximated localization comprising
of both the errors in location and orientation. In our experiments,
the location error for an agent is computed as the Euclidean dis-
tance between its approximated and actual positions. Similarly, the
orientation error for an agent is the absolute difference between its
actual and approximated angles with respect to a reference axis on
the plane. We refer to the total number of tags used by a deployment
strategy as its deployment cost.

6.3 Performance of the Navigation Algorithm
The navigation process starts with a localization phase, where

an agent approximates its location and orientation. In contrast to
continuous space, a discretized space requires an initial movement
of the size of a partition to approximate an agent’s orientation. In
the proposed navigation algorithm, the accuracy of the computed
orientation depends on the number of partitions traveled in the lo-
calization phase. The approximation error decreases as the number
of partitions traversed by an agent increases. An increased invest-
ment in terms of length in the localization phase is thus expected to
payoff as a higher precision of the agent’s knowledge of its location
and orientation. However, this increased length also contributes to
the total distance traveled by an agent. In our experiments we show
that a navigation strategy that does not realign its orientation imme-
diately, i.e., after a traveled distance of one partition, but invests in
a longer localization phase by traveling on a straight path is more
efficient.

6.3.1 Experiment 1: Effect of the Localization Phase
on the Orientation Error

In this experiment we verify the relationship between the length
of localization phase and the resulting imprecision in agent’s ori-
entation. Figure 11 shows the mean value of error (in degrees) for
each iteration of the experiment. This experiment is performed with
a tag read range of 2 cm. It is interesting to note the diminishing
returns: the orientation error reduces rapidly as the number of tra-
versed partitions is increased, however, after 6 partitions the reduc-
tion in error becomes smaller.
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Figure 11: Error in orientation for number of regions traversed

6.3.2 Experiment 2: Effect of the Localization Phase
on the Navigation Cost

The above experiments show that an increase in the length of
the localization phase leads to a smaller orientation error. Thus,
we expect a decrease in the overall navigation cost as a smaller
orientation error leads to better navigation. In this experiment, we



study the effect of investments made in the localization phase on
the navigation costs. We performed runs with different numbers of
partitions traveled at the localization phase (from 1 to 8). We also
repeated the experiment for three different deployment densities
(2 cm, 20 cm, 50 cm). We present the difference in extra navigation
cost with respect to increasing destination distance.

0%

1%

2%

3%

4%

5%

6%

100 200 300 400 500

N
av

ig
at

io
n

 c
o

st

Distance traveled (cm)

1-Approximation 2-Approximation

3-Approximation 4-Approximation

5-Approximation 6-Approximation

7-Approximation 8-Approximation

Figure 12: Navigation cost for number of partitions traversed
in the localization phase, with 2 cm tag read range

In Figure 12, for a very high deployment density (2 cm), the extra
navigation cost is restricted between 6% to 2% of the overall cost.
The extra cost decreases with increasing distance to the destination
as well as with a higher level of investment at the localization phase.
We observe the same behavior in Figures 13 and 14. However, for
lower densities of deployment, from 2 to 20 to 50 cm, the extra nav-
igational cost increases by an order of magnitude. We see that the
difference in investing on a long localization phase can result in reg-
ular savings of approximately 15% in traveled distance. Obviously,
the benefits would diminish with extreme levels of investment dur-
ing the localization phase. The experiments show that a navigation
algorithm that invests in its localization phase and continuously re-
fines its knowledge about the agent’s position and localization only
incurs a small navigation cost particularly under sparse tag deploy-
ments.
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Figure 13: Navigation cost for number of partitions traversed
in the localization phase, with 20 cm tag read range

We explain our findings with an example. Lets assume a case
for a navigation algorithm where an agent first moves away from
the destination. Also lets first assume that we have a localization
phase of length one and we immediately compute the agent’s orien-
tation. In this case, this initial movement from a partition to another
partition will still allow the agent to adjust its orientation but with
possibly a high error margin. Thus the computed path can initially
involve moving in the vertical direction to the actual shortest path.
With a longer localization phase, the agent is able to compute that it
is moving in a direction with a high degree of precision. It can then
realign its orientation with a high degree of precision and travel to
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Figure 14: Navigation cost for number of partitions traversed
in the localization phase, with 50 cm tag read range

the destination. Its overall path can be shorter as the agent does not
drift away in a vertical direction from the line segment connecting
the start and end points. A strategy, however, that invests too much
into its initial localization phase can lead to a longer overall path as
the increased length of the localization phase also contributes to the
navigation cost. In line with the experiments, we also see that the
sparser the deployment is the higher the gain is for a strategy that
strikes a balance between initial investment and benefit in terms of
the total distance traveled by an agent.

6.4 Tag Deployments
Based on Kershner’s results, we argue that deployment of RFID

tags in an equilateral triangular deployment is guaranteed to have
a minimum complete partitioning of the space. However, to adapt
this strategy for space partitioning in our active environment sys-
tem it is important to evaluate its effectiveness in terms of local-
ization accuracy. In this section, we evaluate the tag economy and
localization accuracy for both the grid and the equilateral triangu-
lar deployments using our simulation environment. Based on our
results we propose an alteration for the triangular deployment ap-
proach that improves its localization accuracy while maintaining an
acceptable tag economy.

6.4.1 Experiment 1: Deployment Cost
In this experiment, we evaluate the deployment cost for grid and

triangular deployment of tags. For grid deployment, tags are placed
in a grid with sides of length r

√
2. Similarly, for the triangular de-

ployment tags are placed in a network of equilateral triangles with
sides r

√
3. Since, the deployment cost depends on the size of the

space to be partitioned we vary the size of deployment area from
5× 5 m2 to 30× 30 m2 to study the effect of deployment area on
the total cost. Figure 15 shows the resulting cost for the grid and tri-
angular deployments: on average a triangular deployment employs
31% less tags than a grid deployment.

6.4.2 Experiment 2: Localization Approximation
In this experiment, we evaluate the accuracy of localization ap-

proximation for grid and triangular deployments. We evaluate the
accuracy of an agent’s location approximation by moving the agent
on a random path (by randomly choosing start and end points) and
then comparing its actual position with its approximated location,
i.e., the location of the last partition on the randomly generated
path. Similarly, we evaluate the accuracy of orientation approxi-
mation by moving the agent forward to the next partition on its
trajectory. Figure 16 shows the error in location approximation in
grid and triangular deployments for increasing tag read ranges. We
have used varying tag read ranges to study the effect of the partition
size (determined by the tag read range) on the accuracy of location
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Figure 15: Deployment cost for grid and triangular deployment
of tags

approximation. Grid deployments provide more accurate location
approximations than triangular ones.
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Figure 16: Error in location approximation

Figure 17 shows the error in orientation approximation for grid
and triangular deployments. A triangular deployment provides a
better orientation approximation than a grid deployment.
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Figure 17: Error in orientation approximation

6.4.3 Discussion
Our results establish that a triangular deployment of tags is a

cost effective partitioning strategy. It also provides good orienta-
tion approximation at the expense of a reduced localization accu-
racy. This lack of localization accuracy in the triangular deploy-
ment is attributed to its non-uniform partitioning of the environ-
ment. Two type of partitions result from this deployment, as shown
in Figure 2 in Section 3.1: (i) partitions where only one tag is vis-
ible, (these partitions are approximately the size of a tag’s circular
read range) and (ii) partitions where more than one tag is visible
(these partitions are much smaller than the hexagonal partitions).
An agent’s location is always approximated as center point of the
partition it occupies regardless of its actual position within the par-
tition. Therefore, the size of hexagonal partitions in a triangular
deployment affects the accuracy of its location approximation.

To increase uniformity among space partitions, we have pro-
posed changing the size of equilateral triangles in the deployed
graph from r

√
3 to 3

2 r. Partitions resulting from this deployment
are more uniform in terms of size. We used this improved deploy-
ment strategy in our experiments. If we continue to compress the
equilateral triangles in Figure 1, the square partitions will eventu-
ally start to shrink thus making the partitions less uniform.

Figure 18 shows that the modified triangular deployment of tags
employs on average 9% fewer tags than a grid deployment.
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Figure 18: Deployment cost for grid and compressed triangular
deployment of tags

We also evaluate the accuracy for localization approximation in
this compressed triangular deployment of tags. Figure 19 shows
shows that adjusting the distance between adjacent tags in the mod-
ified triangular deployment improves the accuracy for location ap-
proximation. Figure 20 shows that adjusting the triangular deploy-
ment further improves its accuracy for orientation approximation.
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Figure 19: Error in location approximation
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Figure 20: Error in orientation approximation

7. CONCLUSIONS AND FUTURE WORK
Existing systems for indoor navigation build and maintain maps

and representations of environments that they are deployed in. This



significantly limits the applicability of these systems as map build-
ing and maintenance are expensive tasks. We propose a fundamen-
tally different approach to indoor navigation by using the active
environment model. In our system, we introduce space partitioning
and use large deployments of cheap passive RFID tags as a solu-
tion for implementing the partitions. We investigate a deployment
of RFID tags that uses a minimum number of tags. We then develop
a self-descriptive mechanism based on space-filling curves for lo-
cation mapping. Autonomous agents can easily locate themselves
in our active environments as the surroundings supply the neces-
sary and sufficient information for navigation. We finally suggest
a novel navigation strategy that invests at the localization phase
to reduce the overall distance traveled. We are investigating four
research directions. Noise and failing tags are a fact of large tag
deployments and thus we are currently analyzing optimal tag de-
ployments that ensure the readability of more than one tag from
any position. Second, obstacles can also be self-descriptive using
tags and we plan to exploit this ability to reduce the cost of updates
in presence of obstacles. Third, we will tailor our system to incor-
porate the structure of the indoor space. Finally, we aim to develop
a more complex tag deployment model that captures the relation-
ship between the number of tags and localization errors.
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